Using linear panel methods, this article tests whether the surge in microfinance lending during the boom years of 2004-2008 hurt loan repayment rates. Surprisingly, we find evidence that loan delinquency is inversely related to microfinance growth. This result is contrary to the long-standing view that fast microfinance expansion leads to increased loan delinquency. This suggests the existence of a larger pool of high quality borrowers that may have not yet been tapped in new markets. This finding is robust across estimation methods and even after controlling for cross-sectional and temporal dependencies.
INTRODUCTION
One of the core objectives of microfinance institutions (MFIs) is the provision of banking/financial services to non-traditional customers known as poor and low-income households or businesses. A significant challenge facing these institutions is the struggle for financial self-sufficiency. This means controlling most of the risks in the loan portfolio through adequate loan collection and timely loan repayments. Doing so, provides for further extension of funds to other borrowers, resulting in further outreach and development (Crabb and Keller, 2006) .
Examining this challenge in the presence of uncontrolled growth is of importance, since fast microfinance growth could pose substantial strain on MFIs' mission, making it harder for them to operate sustainably in such an unconventional market structure. In addition, the [2004] [2005] [2006] [2007] [2008] surge in microfinance provides a great opportunity to test this hypothesis.
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There is a paucity of empirical work on the effects of the unprecedented rapid microfinance expansion that occurred between 2004 and 2008 . Practitioners have speculated that this high growth phase in microfinance activities has led to increased loan delinquency. According to Gonzalez (2009) , the increase in the number of borrowers during the expansion averaged 21 percent per year while loan portfolio jumped by a staggering 34 percent per year on average. Chen et al. (2010) and Stephens (2009) examine some of the emerging economies qualified as "high growth" markets and show that in 2008, these markets 1 experienced devastating loan delinquency rates. These studies feed into the narrative that aggressive growth in microfinance lending may pose higher credit risk to MFIs as loan recovery efforts become more challenging. Chen et al. (2010) identified key contributing factors to poor loan repayment rates among which high microfinance growth is mentioned. However, they present no empirical evidence.
In this paper, we use a new and improved proprietary comprehensive dataset that includes a large cross-section of MFIs to estimate the effect of rapid microfinance expansion on loan delinquency. The use of such a comprehensive data mitigates that kind of measurement error that plague many microfinance studies (missing data) and allows us to estimate linear panel models. Given that the effects of microfinance expansion may not be visible during the boom years (2004) (2005) (2006) (2007) (2008) , we extend our dataset from 2003 to 2013 2 to include post-boom years. For proper identification of the effect of microfinance expansion on loan delinquency, we control for aspects of microfinance (micro) and beyond-microfinance (macro) design.
DETERMINANTS OF LOAN REPAYMENT
Loan repayment is the most revealing of the five 3 performance areas of a MFI (Rosenberg, 2009) . So, the ability to collect loans is critical to the success of MFIs. We use the loan loss rate to proxy loan repayment.
The loss loan rate measures how well a MFI collects its loans and our presumption is that higher values of loan loss rate are associated with lower repayment rates.
To measure the impact of microfinance growth on loan delinquency, it is important 1 These microfinance markets are: Nicaragua, Morocco, Bosnia and Herzegovina (BiH), and Pakistan.
2 The most recently available data is for year 2013. We also estimated our model during the boom years only (not presented in this paper) and found qualitatively similar results. 3 The four other performance areas are: 1) outreach: breadth (number of clients served), 2) outreach:
depth (client poverty level), 3) financial sustainability (profitability) and 4) efficiency.
to control for factors that may explain changes in loan repayment. 
It is a ratio which indicates whether enough revenue has been earned to cover the MFI's total costs-operating expenses, loan loss provisions and financial costs. It measures how sustainable the lending operations are.
We use Portfolio at Risk (PAR) > 30 days to measure the credit risk of an MFI. PAR > 30 days is defined as follows:
3. EMPIRICAL MODEL AND DATA
Standard Linear Panel Model
We consider the following general panel data model:
where is the dependent variable-loan loss rate-which we use to proxy loan repayment, is the vector of control variables of MFI at time , the 's represent the MFI-specific fixed effects and denotes the remainder disturbance.
Cross-sectional and Temporal Dependencies
4 The growth rate of lending is calculated by measuring the year on year increase in active borrowers.
See Gonzalez (2010) and Ghatak and Guinnane (1999) . 5 Ledgerwood (1998) and Malik et al. (2013) among others Microeconomic data are likely to exhibit all sorts of cross-sectional and temporal dependencies because the units are not randomly sampled 8 and the MFIs in the MIX Market database we use, self-report. These dependencies might intensify especially during period of fast growth in microfinance activities. Erroneously ignoring possible correlation of regression disturbances over time and between MFIs (mostly those located in the same country) can lead to biased statistical inference. To ensure validity of the statistical results, we follow recent studies' methodology which include a regression on panel data with adjustment of standard errors of the coefficient estimates for possible dependence in the residuals.
We implement Driscoll and Kraay's (1998) covariance matrix estimator for use with pooled Ordinary Least Squares (OLS) estimation and fixed effects (within) regression. Apart from being heteroscedasticity consistent, these standard error estimates are robust to very general forms of cross-sectional and temporal dependence. However, to accommodate the unbalancedness of our panel dataset, we use the adjustment to Driscoll and Kraay's (1998) covariance matrix estimator by Hoechle's (2007) described in the Appendix.
Data
The data used in this study is collected from the MIX Market database. The consequent data used after cleaning is an unbalanced panel data of 998 MFIs in 101 countries across 5 regions:
9 Africa, East Asia and the Pacific, Eastern Europe and Central Asia, Latin America and The Caribbean, Middle East and North Africa, South Asia, over the period 2003-2013. In Table 1 , we report cross-sectional averages for all variables used for estimation. On average, MFIs devote more that 50 percent of their staff to lending activities and post-disbursal monitoring and each loan officer oversees a little over 300 borrowers. More than 60 percent of MFIs in our sample are regulated while women constitute more than 65 percent of microfinance clientele.
The correlation matrix of the variables used for estimation is reported in Table 2 with significant correlation coefficients in bold. Column 1 of Table 2 shows how the dependent variable-loan loss rate-correlates with the control variables. The signs of the correlation coefficients in column 1 are consistent with our expectations. The other correlations in Table 2 and calculated variance inflation factors (not reported) suggest that multicollinearity is not a problem in our dataset. 
ESTIMATION RESULTS
The estimation results in Table 3 appear to be consistent with our expectations for most variables. The coefficient for microfinance expansion -our variable of interest -is always highly significant and negative suggesting that more growth reduces loan delinquency. This result is contrary to the long-held belief that fast microfinance growth increases default risk. This is suggestive there is a huge unmet demand for microcredit in terms of credit worthy clients that have not yet been tapped by MFIs (Yimga, 2015) . Note: Shown are pooled OLS (POLS) and FE (within) linear panel regressions. Driscoll and Kraay (1998) standard errors for the slope coefficients are in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1
Most control variables have the expected sign and are statistically significant at conventional levels of significance. The coefficient estimate on personnel allocation ratio suggests that the more staff an MFI devotes to credit monitoring the more due diligence and post-disbursal monitoring which in turn results in lower loan delinquency.
The indicator variable prudential regulation has the expected sign, however, is not statistically significant, suggesting that overall, unregulated MFIs do not have consistently lower loan delinquency rates than regulated ones.
MFIs that are operationally self-sufficient have lower loan delinquency rates and MFIs with higher ability to coordinate and channel funds from savers to borrowers have consistently lower loan delinquency rates compared to their counterparts with lower intermediation ability.
Portfolio at Risk (PAR)>30 days indicate that as the outstanding balance in loans (overdue more than 30 days) rises, the potential for future loan losses also rises. Overall, we find no evidence that lending to women reduces the loan loss rate.
Table 3 also shows that these results are robust to the inclusion of macroeconomic factors even after controlling for cross-sectional and temporal dependencies.
10 This significance of macroeconomic indicators such as GNI per capita and inflation, which are beyond microfinance design-therefore uncontrollable at the institutional level, have some predictive power on loan repayment.
CONCLUSION
This study uses a large cross-section of MFIs over the period [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] [2013] to test whether the unprecedented growth surge of microfinance between 2004 and 2008 resulted in increased loan delinquency. The results identify key factors that explain loan delinquency, including (micro) institutional and macroeconomic factors. Most importantly though, the growth in lending-our variable of interest, long thought to be a major factor for increased loan delinquency, is inversely related to loan delinquency. This finding is suggestive of the fact that overall, the growth surge between 2004 and 2008 did not harm repayment rates and that there is vast pool of credit worthy borrowers in new markets that MFIs are still yet to serve. 10 We also estimated (not reported in this paper) between, random effects generalized least squares (RE-GLS) and random effects maximum likelihood estimation (RE-MLE) linear panel regressions. The results are qualitatively similar to those in Table 3 . These results are available upon request. 
where the dependent variable is a scalar, is a ( + 1) × 1 vector of independent variables whose first element is 1, and is a ( + 1) × 1 vector of unknown coefficients. denotes the cross-sectional units (MFIs) and denotes time. We stack all observations as follows:
This formula allows for unbalanced panel and it is assumed that the regressors are uncorrelated with the scalar disturbance term.
can consistently be estimated by OLS regression, which yields
Driscoll and Kraay standard errors for the coefficient estimates are then obtained as the square roots of the diagonal elements of the asymptotic (robust) covariance matrix,
where is defined as in Newey and West (1987) :
In equation (6), ( ) denotes the lag length up to which the residuals may be autocorrelated and the modified Bartlett weights, 
The contribution of Hoechle (2007) is made in equation (7), where the sum of the individual time t moment conditions h runs from 1 to ( ), where N is allowed to vary with t. This small adjustment to Driscoll and Kraay's (1998) original estimator suffices to make their estimator accommodate unbalanced panels.
Therefore, the POLS estimation using the covariance matrix with the approach described above yields standard errors that are robust to general forms of cross-sectional and temporal dependence. Hoechle (2007) shows that the corresponding FE estimator is implemented in two steps.
A2. Accounting for cross-sectional and temporal dependence for Fixed-effects estimation
First, all model variables z ∈ { , x } are within-transformed as follows ̃ = − ̅ − ̿ , where ̅ = Σ and ̿ = (Σ ) Σ Σ , since it can be seen that the within-estimator corresponds to the OLS estimator of
In the second step, the transformed regression model in equation (8) is estimated using pooled OLS estimation with Driscoll-Kraay standard errors. We present the results with cross-sectional and temporal dependence consistent estimates in Table 3 .
